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Recap from Monday
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Qubits
Quantum Gates

Quantum Circuits
Qubit Technologies



Outline for the lectures

• Lecture 1: Fundamentals
• A brief history, qubits, quantum circuits, qubit technologies

• Lecture 2: Quantum computers and quantum algorithms
• Quantum computers today, quantum algorithms, error correction, 

quantum advantage

• Lecture 3: Applications of quantum computing in HEP
• Applications of quantum computing to HEP: simulation, reconstruction 

and physics analysis; including quantum machine learning
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Further Reading
• Online resources

• Scott Aaronson's blog

• Umesh Varizani's introductory course, graduate

• John Preskill's graduate course, lecture notes, youtube playlist

• Books

• Nielsen and Chuang (very complete)

• Stolze, Suter (introductory, physics oriented)

• Aaronson (popular)

• Wilde (graduate level)

• Watrous (mathematical)

• Kitaev, Shen and Vyalyi (advanced)

4

https://www.scottaaronson.com/blog/
https://www.edx.org/course/quantum-mechanics-and-quantum-computation
https://people.eecs.berkeley.edu/~vazirani/quantum.html
http://theory.caltech.edu/~preskill/ph219/ph219_2020-21.html
http://theory.caltech.edu/~preskill/ph219/index.html#lecture
https://www.youtube.com/playlist?list=PL0ojjrEqIyPy-1RRD8cTD_lF1hflo89Iu
https://www.amazon.com/Quantum-Computation-Information-10th-Anniversary/dp/1107002176
https://www.wiley.com/en-us/Quantum+Computing%3A+A+Short+Course+from+Theory+to+Experiment-p-9783527617777
https://www.amazon.com/Quantum-Computing-since-Democritus-Aaronson/dp/0521199565
https://www.amazon.com/Quantum-Information-Theory-Mark-Wilde-dp-1107176166/dp/1107176166/
https://cs.uwaterloo.ca/~watrous/TQI/
mailto:no_reply@apple.com


Day 2 Outline
• Quantum computers today

• Quantum Algorithms (Review article)

• Quantum Fourier transform

• Shor’s Factoring Algorithm 

• Quantum Search (Grover)

• Quantum Programming Languages 

• Quantum Error Correction

• Quantum Simulation

• Quantum Advantage
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A lightening-fast overview of a range of topics

https://www.nature.com/articles/npjqi201523
https://quantumalgorithmzoo.org/


Quantum Computers Today
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Quantum Computers Today
7

IBM 
Quantum 

Hummingbir
d (65 qubits)

D Wave 
Avantage
5000+ 
qubits

Google 
Sycamore
53 qubits

Forest Stearns, Google AI Quantum Artist in 
Residence 

Erik Lucero, Research Scientist and Lead 
Production Quantum Hardware

Noisy Intermediate-Scale Quantum (NISQ) Era

Credit: Connie Zhou for IBM

Image Credit: DWave

USTC Jiuzhang 

https://arxiv.org/pdf/1801.00862.pdf
https://newsroom.ibm.com/image-gallery-research?l=100&keywords=hummingbird#gallery_gallery_0:21738
https://support.dwavesys.com/hc/en-us/articles/360056364753-Introducing-Advantage


Current Quantum Computers
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Quantum processors on wikipedia

Circuit-based Quantum Computers

Quantum Annealers

>193 quantum computing startups worldwide

https://en.wikipedia.org/wiki/List_of_quantum_processors


Google Sycamore and IBM 
• IBM and Google use transmon superconducting 

qubits

• Sycamore has a 2D array of 54 transmon qubits 
(53 functional)

• Each qubit is coupled to four other qubits

• Aluminium for metallization and Josephson 
junctions; indium for bump-bonds between 
two silicon wafers

• Operates at 20mK in a dilution refrigerator

• More recent chip from IBM is Hummingbird 
with 65 qubits

• “features 8:1 readout”

• IBM has stated that they plan to double the 
number of qubits available each year

• And all are named after birds
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Image 
Credit

https://thequantumaviary.blogspot.com/2020/10/
https://thequantumaviary.blogspot.com/2020/10/
https://thequantumaviary.blogspot.com/2020/10/


USTC Jiuzhang suanshu
• Optical quantum computer (photons)

• Light sources; beam splitters; mirrors, 100 photon detectors

• Use repeated splitting and merging to obtain interference

• Custom-built (non-programmable) quantum computer designed to 
demonstrate quantum advantage

• Programmable photonic computer (8 qubits) from Xanadu
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Image Credit Image Credit

https://www.xanadu.ai/hardware
https://www.sciencenews.org/article/new-light-based-quantum-computer-jiuzhang-supremacy
https://spectrum.ieee.org/tech-talk/computing/hardware/race-to-hundreds-of-photonic-qubits-xanadu-scalable-photon


More about Trapped Ion Computers
• Qubits: Ground and excited state or two ground state hyperfine levels (laser 

cooled to reduce noise)

• Initialization: Optical pumping with a laser (fidelity > 99.9%)

• Single qubit operations: Drive atomic states with resonant optical or 
microwave fields/Raman transition

• Two qubit operations: Charge interaction between trapped ions

• Excite on ion to oscillate and induce the second to move

• Carefully tune the field frequency to push the ions only if the qubit is in a 
specific state

• Maintain coherent excited motion

• Measurement:

• Laser applied to ion that couples only to one qubit state

• Photomultiplier tubes to collect emitted photons

• More details or here
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https://www.nap.edu/read/25196/chapter/12#200
https://thequantumaviary.blogspot.com/2021/03/heres-how-ion-trap-quantum-computers.html


Honeywell and IonQ
• Current performance of trapped ion 

technologies

• Single qubit coherence of 1 hour

• High single and double qubit gate 
fidelity

• Full connectivity

• IonQ and Honeywell produce 
quantum computers  using trapped 
ion systems of Ytterbium (171Yb+) 
ions

• Most recent is 32 qubits (IonQ) 
and 10 qubits (Honeywell)

• Extremely impressive quantum 
volume
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More details, 2, 3
Image credit

https://arxiv.org/pdf/2008.00251.pdf
https://ionq.com/technology
https://www.nature.com/articles/s41467-019-13534-2
https://www.honeywell.com/us/en/news/2020/10/get-to-know-honeywell-s-latest-quantum-computer-system-model-h1
https://www.cnet.com/news/honeywell-fires-up-the-h1-its-second-generation-quantum-computer/


Aside: Comparing Quantum Computers
• Comparing the performance of quantum computers today is tricky

• Many different technologies are used to qubits, so computers with the same 
number of qubits can have dramatically different performance

• Qubit lifetime

• Gate fidelity 

• Gate operation time

• Connectivity

• Paper comparing the performance of different systems

• One metric that has been proposed is the quantum volume (from IBM)

• Represents the maximum size of square quantum circuits 

• IBM: quantum volume of 64 (27 qubit)

• Honeywell: quantum volume of 512

• IonQ: quantum volume of 4 million
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https://www.pnas.org/content/114/13/3305
https://en.wikipedia.org/wiki/Quantum_volume
https://www.honeywell.com/us/en/news/2021/03/honeywell-sets-new-record-for-quantum-computing-performance


Quantum Algorithms
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Quantum Algorithms
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Quantum Zoo

It’s HARD to develop a new quantum algorithm

https://quantumalgorithmzoo.org/


Quantum Promise
• Certain problems which are difficult classically, are easy on quantum 

computers

• e.g. factoring with its superpolynomial speedup

• Can’t efficiently simulate a quantum computer on a classical computer

• Expected to be hard due to complexity arguments

16

Easy quantumly

Hard quantumly

Easy 
classically



Algorithmic Complexity
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Image Credit

P = NP?

Are P and BQP 
disjoint?

Does BQP extend 
beyond NP?

Reminder:  is the maximum time given input of size nO( f(n))

https://www.quantum-bits.org/?p=1988


Why Quantum Algorithms?

• Quantum Promise

• Exponential speedup

• Pattern recognition/Fourier analysis

• Efficient Searches

• Minima finding

• Matrix mathematics: machine learning, linear algebra, etc

• Quantum Challenge

• Decoherence: short lifetimes of qubits

• Noise

• Significant classical resources are often required to interface quantum 
computers

• e.g. I/O, error correction
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Examples of Quantum 
Algorithms

19



Quantum Fourier Transform
• Quantum implementation of the inverse discrete Fourier transform

•

• Exponentially faster than the Fast Fourier transform (FFT): 

• Only measure one of the  components

• also known as quantum Fourier sampling

• Generalization of the Hadamard transformation through the addition of 
phase

•

|α⟩ = α0 |0⟩ + α1 |1⟩ + ⋯ + αn |n⟩ → |β⟩ = β0 |0⟩ + β1 |1⟩ + ⋯ + βn |n⟩
O(n2n) → O(n2)

n

QFTM =
1

M

1 1 1 1 ⋯ 1
1 ω ω2 ω3 ⋯ ωM−1

1 ω2 ω4 ω6 ⋯ ω2M−2

1 ω3 ω6 ω9 ⋯ ω3M−3

⋮ ⋮ ⋮ ⋮ ⋱ ⋮
1 ωM−1 ω2M−2 ω3M−3 ⋯ ω(M−1)(M−1)
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 = complex roots of unityωi

https://arxiv.org/abs/quant-ph/0201067


Quantum Fourier Transform
• Circuit implementation uses the Hadamard (H) and controlled phase ( ) 

gates

•  and 

Rm

H =
1

2 (1 1
1 −1) Rm =

1

2 (1 0
0 e

2πi
2m)

21

Image credit

https://en.wikipedia.org/wiki/Quantum_Fourier_transform#/media/File:Q_fourier_nqubits.png


Shor’s Algorithm
• An early quantum algorithm which stimulated significant interest in 

quantum algorithms is Shor's algorithm for factorization 

• Given an integer  for primes  and , determine  and 

• Best classical algorithm has an execution time of 
, while Shor’s algorithm: 

• Many currently used cryptography algorithms, e.g. RSA public-key, rely on 
the factorization of large integers being extremely difficult 

• Classically: 768 bit number factorized with hundreds of computers over 2 
years:  operations 

• Quantum: 2000 bit number could be factorized by a billion qubit and 
 gate quantum computer in just over a day

N = p × q p q p q

exp(O(logN)1/3)(log log N)2/3 O(log N)3)

∼ 1020

3 × 1011
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https://arxiv.org/abs/quant-ph/9508027
https://www.researchgate.net/profile/Carl_Pomerance/publication/225539588_Factoring_integers_with_the_number_field_sieve/links/0a85e53cd1440144f7000000/Factoring-integers-with-the-number-field-sieve.pdf
https://link.springer.com/chapter/10.1007/978-3-642-14623-7_18
https://journals.aps.org/pra/abstract/10.1103/PhysRevA.86.032324


Shor’s Algorithm: Implementation
• Shor’s algorithm reduces factorization to a special case of the hidden 

subgroup problem (HSP)

• More general solutions to HSP (or for other groups) would imply that other 
cryptographical systems would be broken

• Shor's algorithm consists of two parts:

• Reduce the factoring problem to the problem of order-finding (can be 
done classically)

• Quantum algorithm to solve the order-finding problem
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Image Credit

https://en.wikipedia.org/wiki/Hidden_subgroup_problem
https://en.wikipedia.org/wiki/Shor%27s_algorithm#/media/File:Shor's_algorithm.svg


Grover’s Search 
• Grover's algorithm targets searching for a 

specific element within an unsorted database

• Uniform superposition of over all possible 
solutions

• Destructively interfere states that are not 
solutions (repeat)

• Classical solutions: 

• Grover’s algorithm: 

• Extended into Grover-Long with zero failure 
rate

O(N)

O( N)

24

Image Credit

Image courtesty of U. Vazirani

https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.79.325
https://arxiv.org/abs/quant-ph/0106071
https://en.wikipedia.org/wiki/Grover's_algorithm#/media/File:Grovers_algorithm.svg


Applications of Grover’s Algorithm
• Grover’s algorithm is very versatile and can also be used as part of more 

complicated quantum algorithms

• Examples include

• Finding the minimum of an unsorted list of N integers (quadratic 
speedup)

• Determining graph connectivity (

• Pattern matching, i.e. find a pattern  of length  within a text  of 
length  (

O(N2) → O(N3/2)
P M T

N O(N + M) → O( N + M)
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Quantum inspired classical algorithms
• Sample preference matrix, Tij, 

for users (i) and products (j)

• Low rank approximation 

• Generate suggestions for users

• T(n x m matrix): O(poly(k), 
poly (mn)]; Reduced rank k
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arXiv: 1603.08675.pdf

arXiv:807.04271.pdf

Challenge: Prove this is the best 
algorithm

Result: A better classical 
algorithm

Also: Genetic algorithms

https://arxiv.org/pdf/1603.08675.pdf
https://arxiv.org/pdf/1807.04271.pdf


Programming Quantum Computers
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Quantum Programming Languages
• The field is still at a very early stage of development

• In some senses, more similar to programming in assembler or for 
hardware than in modern programming languages like python or C++

• You need to program the quantum gates for the circuit explicitly

• Essentially every vendor has their own programming language or software 
development kit (SDK)

• In many cases the interface is via python

• Some of them are at rather early stages of development, so regular 
debugging is required.

• Some examples

• Qiskit (IBM)

• Cirq (Google)

• Ocean SDK (D-Wave)

• Forest SDK, using Quil (Rigetti)
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https://qiskit.org/learn/
https://quantumai.google/cirq/tutorials
https://docs.ocean.dwavesys.com/en/stable/
https://pyquil-docs.rigetti.com/en/stable/
https://arxiv.org/abs/1608.03355


Simple Examples
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cirq
qiskit

Similar structures
Also, in many cases, simple to get 
a small amount of time to run on 

quantum hardware
Generally possible to register for 

a free account

https://quantumai.google/cirq
https://qiskit.org/documentation/getting_started.html


Quantum Error Correction
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Quantum Error Correction
• Currently available quantum computers are extremely noisy (NISQ)

• High potential for errors to occur during calculations

• Somewhat a Catch22: noise is induced through outside interaction, yet we 
need to interact with the quantum computer for input and output

• For classical algorithms, we typically use redundancy to mitigate errors

• Not possible for quantum algorithms due to the “no clone” theorem

• Instead, need to spread the information on a single qubit on to a number 
of qubits
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Simple example: single bit flip code Image Credit

https://en.wikipedia.org/wiki/Quantum_error_correction#/media/File:Quantum_error_correction_of_bit_flip_using_three_qubits.svg


More complex: Shor’s correcting code
32

Corrects for bit flip, phase flip or both, Ref1, Error Correction Tutorial

https://journals.aps.org/pra/abstract/10.1103/PhysRevA.52.R2493
https://www2.physics.ox.ac.uk/sites/default/files/ErrorCorrectionSteane06.pdf


Other Methods for Error Correction
• Error correction for bosonic systems

• cat states [arXiv:9809037, arXiv:1207.0679, arXiv:1207.0679]

• GKP [arXiv:0008040]

• Topological quantum computing
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arxiv:9707021

https://arxiv.org/abs/quant-ph/9809037
https://arxiv.org/abs/1207.0679
https://arxiv.org/abs/1207.0679
https://arxiv.org/abs/quant-ph/0008040
https://arxiv.org/pdf/quant-ph/9707021.pdf


Quantum Simulation
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Quantum Simulation
• One of the original motivating ideas behind quantum computers was to be 

able to simulate quantum systems

• Nature isn’t classical . . . and if you want to make a simulation of Nature, you’d 
better make it quantum mechanical, Richard Feynman, 1981

• Potentially likely to be one of the earlier applications of quantum computers

• Can imagine quantum simulations for quantum chemistry, superconductivity, 
metamaterials and high-energy physics (see tomorrow’s lecture)

• Typically, what we have in mind is calculating the dynamical properties of the 
system from the Hamiltonian using the Schrodinger equation

• Can envision using a large digital quantum computer for such simulations, 
but could also use an analog quantum computer to use one quantum system 
to mimic another
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Overview of quantum simulation

https://physics.aps.org/articles/v12/112#c3


Quantum Simulation Examples
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A. Kandala et al., Nature 549, 242 (2017)
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FIG. 3: Experimental Results. a, Calibration curve for the small-angle XX(✓) gate. b, Bootstrap distribution of the HF+2
energy with mean and 1� uncertainty indicated by the orange diamond b, and experimentally determined energy surfaces for
HF+1 c and HF+2 d. Each data point (orange diamond) represents an average of & 1000 experimental runs, with the blue
dash-dotted lines indicating in-silico results. e, Comparison of ground-state energy estimates as additional interactions are
included in the UCC ansatz state (labeled HF+N , for N significant determinants). The orange diamonds indicate experimental
results, with error bars indicating 1� uncertainty from the bootstrap distribution. The remaining points are from the in-silico

VQE simulation as detailed in Figure 2, and show how the ansatz states converge to the full configuration-interaction ground
state, indicated by the dot-dashed blue line. Chemical accuracy about the numeric results is indicated by the shaded green
region in all figures.

ansatz[8]. The main portion of the quantum circuit is an
implementation of a linear combination of eight terms,
each containing a product of four �x and �y operators
(with odd number of �x in each term). By optimizing
the order of these eight operators and taking advantage
of the all-to-all connectivity, we can implement this cir-
cuit with 13 CNOT gates (see Fig. 2d). When we con-
catenate several of these terms, some CNOT gates at the
ends, including those that arise from a JW string, may
cancel out.

Most ansatz states have both bosonic and non-bosonic
excitation terms. For these situations, we start with the
reduced representation where each qubit describes one
MO, and run the quantum circuit that corresponds to all
bosonic excitation terms first. Then, additional qubits
(all prepared in the |0i state) are introduced, and each
are entangled with a qubit representing a MO using a
CNOT gate. Each entangled pair can now represent
the two SOs corresponding to the MO (Extended Data
Fig. 4e).

One last optimization takes advantage of the asym-
metric SPAM error observed in our system. Normally,
we encode a filled orbital (MO or SO) with |1i and an
empty orbital with |0i, but in a molecule with mostly
closed molecular shells like H2O, the filled orbitals in the
HF-ground state remain mostly filled in the FCI ground
state as well. Since our SPAM error is more than a fac-
tor of two smaller for |0i compared to |1i, we encode the
filled orbitals as |0i to reduce the systematic shift asso-

ciated with readout from the |1i state. This encoding
has the ancillary benefit of requiring fewer single-qubit
gates to initialize the circuit, but the advantage dimin-
ishes as measurement errors are suppressed or become
more symmetric.
Combining these strategies, we achieve the quantum

circuits for preparing the ansatz state with total entan-
gling gate counts shown in Fig. 2b. These methods rep-
resent a fully general, scalable, and near-optimal frame-
work that can be applied to simulating any physical sys-
tems using VQE with a UCC ansatz.

IV. RESULTS

Using our trapped-ion QC, we compute the first three
bosonic excitation terms of the VQE ansatz for the H2O
molecule (Extended Data Fig. 4). In order to estimate
the minimum energy for each circuit within chemical
accuracy (fractional uncertainty of ⇠10�5), all system-
atic errors in our QC must be carefully characterized
and controlled. The intrinsic decoherence of a 171Yb+

trapped-ion qubit is negligible over the timescale of our
computation[17], so the dominant errors arise in calibrat-
ing the angle of the XX(✓) gate and correcting for the
systematic SPAM error of our ion chain. We accurately
calibrate the angle ✓ using a circuit similar to that shown
in Fig. 2c, where the parity varies as sin(2✓). Fitting the
parity to this functional form (Fig. 3a) compensates for

arxiv: 1902.10171.pdf

Water molecule on trapped ion QC

one measures the phase Ent and collapses the system
register to the state jni with probability janj2.
Our PEA implementation is based on a modification of

Kitaev’s iterative phase estimation algorithm [8,35]. The
circuit we use is shown in Fig. 4 and detailed descriptions
of the subroutines we use to control UTrot!2kt0" on an
ancilla are shown in Appendix C. The rotation Z!!k" in
Fig. 4 feeds back classical information from the prior k ! 1
measurements using phase kickback as

!!k" # !
Xk!1

l#0

jl
2l!k$1

: !7"

With iterative phase estimation, one measures the phase
accumulated on the system one bit at a time. Even when a0
is very small, one can use iterative phase estimation to
measure eigenvalues if the system register remains coherent
throughout the entire phase determination. Since the
Hartree-Fock state has strong overlap with the ground state
of molecular hydrogen (i.e., jh0j"ij2 > 0.5), we are able to
measure each bit independently with a majority-voting
scheme, reducing coherence requirements. For b bits,
the ground-state energy is digitally computed as a binary
expansion of the measurement outcomes,

Eb
0 # !

!
t0

Xb!1

k#0

jk
2k$1

: !8"

Experimentally computed energies are plotted alongside
VQE results in Fig. 3(a). Because energies are measured

digitally in iterative phase estimation, the experimentally
determined PEA energies in Fig. 3(a) agree exactly with
theoretical simulations of Fig. 4, which differ from the exact
energies due to the approximation of Eq. (5). The primary
difficulty of the PEA experiment is that the controlled
application of UTrot!2kt0" requires complex quantum
circuitry and long coherent evolutions. Accordingly, we
approximate the propagator in Eq. (5) using a single
Trotter step (# # 1), which is not sufficient for chemical
accuracy. Our PEA experiment shows an error in the
dissociation energy of !1% 1" ! 10!2 hartree.
In addition to taking only one Trotter step, we perform

classical simulations of the error in Eq. (5) under different
orderings of the H$ in order to find the optimal Trotter
sequences at each value of R. The Trotter sequences we use
in our experiment as well as parameters such as t0 are
reported in Appendix C. Since this optimization is intrac-
table for larger molecules, our PEA protocol benefits from
inefficient classical preprocessing (unlike our VQE imple-
mentation). Nevertheless, this is the first time the canonical
quantum algorithm for chemistry has been executed in its
entirety and, as such, represents a significant step towards
scalable implementations.

IV. EXPERIMENTAL METHODS

Both algorithms are implemented with a superconduct-
ing quantum system based on the Xmon [48], a variant of
the planar transmon qubit [49], in a dilution refrigerator
with a base temperature of 20 mK. Each qubit consists
of a superconducting quantum interference device

(a) (b)

FIG. 3. Computed H2 energy curve and errors. (a) Energy surface of molecular hydrogen as determined by both VQE and PEA. VQE
approach shows dissociation energy error of !8% 5" ! 10!4 hartree (error bars on VQE data are smaller than markers). PEA approach
shows dissociation energy error of !1% 1" ! 10!2 hartree. (b) Errors in VQE energy surface. Red dots show error in the experimentally
determined energies. Green diamonds show the error in the energies that would have been obtained experimentally by running the circuit
at the theoretically optimal % instead of the experimentally optimal %. The discrepancy between blue and red dots provides experimental
evidence for the robustness of VQE, which could not have been anticipated via numerical simulations. The gray band encloses the
chemically accurate region relative to the experimental energy of the atomized molecule. The dissociation energy is relative to the
equilibrium geometry, which falls within this envelope.

SCALABLE QUANTUM SIMULATION OF MOLECULAR ENERGIES PHYS. REV. X 6, 031007 (2016)

031007-5

PRX 6, 031007 (2016)

Hydrogen using VQE

https://arxiv.org/pdf/1902.10171.pdf
https://journals.aps.org/prx/pdf/10.1103/PhysRevX.6.031007


Diazene isomerization on Sycamore
37

1054    28 AUGUST 2020 • VOL 369 ISSUE 6507 sciencemag.org  SCIENCE

By Xiao Yuan

Q
uantum computers potentially have 

computational power greater than 

that of their classical counterparts. 

The recent demonstration of “quan-

tum supremacy” on Google’s 53-qubit 

Sycamore quantum processor (1) has 

reinforced this idea, but it remains unknown 

whether the next generation of quantum 

computers will be able to solve classically in-

tractable problems of practical interest. On 

page 1084 of this issue, Google AI Quantum 

and Collaborators (2) take steps toward an-

swering this question with an experimental 

implementation of Hartree-Fock calculations 

of molecular electronic energies on a super-

conducting processor. Although the calcula-

tions performed are also efficient to run on 

classical computers, the experiment demon-

strates many of the key building blocks for 

quantum chemistry simulation and paves 

the way toward achieving quantum advan-

tage for problems of chemical interest. 

Using controllable quantum systems to 

simulate quantum mechanical problems in 

chemistry and physics was the brainchild 

of Richard Feynman, who remarked in the 

1980s that “If you want to make a simula-

tion of nature, you’d better make it quantum 

mechanical, and by golly it’s a wonderful 

problem, because it doesn’t look so easy” (3). 

Since then, there has been substantial theo-

retical and experimental progress toward 

this goal. In particular, the rapid recent de-

velopment of superconducting qubits, such 

as Google’s Sycamore quantum processor, 

has enabled quantum supremacy, which 

samples from the outputs of random quan-

tum circuits more efficiently than appears 

possible with even the largest classical su-

percomputers (1). 

The authors investigate the performance 

of this same processor to determine the 

electronic structure of molecular systems. 

Such an accomplishment would have aca-

demic as well as commercial value, as it 

could enable the design of improved cata-

lysts or new medicines. Since the first quan-

tum algorithm for quantum computational 

chemistry was proposed in 2005 (4), there 

have been numerous developments to re-

duce its computational cost (5, 6). One of 

the most influential developments is that of 

the variational quantum eigensolver (VQE), 

which reduces the burden on the quantum 

processor by leveraging a classical coproces-

sor (7) (see the figure).

Prior proof-of-principle VQE experiments 

have realized electronic structure calcula-

tions with up to six qubits (8). It is still an 

open question as to whether the VQE can 

solve classically intractable instances of the 

electronic structure problem, which may re-

quire on the order of 100 qubits. As the prob-

lem size increases, so too does the quantum 

circuit depth (the number of layers of gates; 

five in the figure) required to realize the 

quantum algorithm. Even if the quality of 

the qubits is maintained while the processor 

is scaled up, larger processors with deeper 

circuits will lead to an increased error rate 

for the calculation. Assessing whether this 

build-up of errors is fatal for the VQE is one 

of the most pressing open questions in the 

field of quantum computing. 

The authors take steps to address these 

open questions through an experimental 

VQE implementation using 6 to 12 qubits. 

The experiment implements the Hartree-

Fock method for calculating the binding 

energy of hydrogen chains and the isomeri-

zation of diazene. The Hartree-Fock method 

provides approximate solutions to the elec-

tronic structure problem and is a classically 

tractable calculation. It is typically used as 

an initial step in quantum computational 

approaches to solving the electronic struc-

ture problem. 

Nonetheless, this VQE experiment dem-

onstrates many of the key components for 

large-scale VQE implementations, including 

electronic state preparation, Hamiltonian 

measurement for any one- and two-particle 

reduced-density matrix elements, two error 

mitigation techniques, and outer-loop clas-

sical optimization. Together, these features 

lead to the successful extension of prior in-

vestigations into quantum computational 
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A quantum-computing advantage for chemistry
Error-mitigated Hartree-Fock computation is performed with up to 12 superconducting qubits
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Quantum circuit Classical calculationGoogle Sycamore
The schematic shows the 
superconducting qubits 
and the adjustable couplers 
that connect them.

The input states of the wave function are initialized 
as |0� or |1�. Each box with a parameter 
θ is a rotation gate that is compiled into two two-
qubit gates and three single-qubit gates.

The outcomes are fed into a classical computer that trains 
the parameters to learn the ground state of the system. The 
classical parameters that determine the wave function are fed 
back to the quantum computer, and the calculation is rerun. 

A variational quantum eigensolver
A parameterized quantum circuit, with properly prepared initial states and with the aid of a classical co-processor, approximates the wave function of a chemical 
compound. The circuit corresponds to the one used for six-qubit Hartree-Fock calculation (2).
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Summary

the other inserts show a large and consistent
decrease, about a factor of 100, when using
these protocols. The substantial decrease in
error when using a modest number of VQE
iterations is shown in Fig. 2C.
A fidelity witness can be efficiently com-

puted from the experimental data (supple-
mentary materials, section D.2) (36). This value
is a lower bound to the true fidelity and thus
potentially loose when fidelity is small. How-
ever, this fidelity generally tracked the mea-
sured errors (Fig. 2B). As shown in Table 1,
fidelity increased as we added various forms
of error mitigation, starting in the left col-
umn, where the optimal angles were com-
puted classically. Uncertainties in the last digit,
indicated in parentheses, were calculated
by means of the procedure described in the
supplementarymaterials, section C.5. The first
column of Table 1 is an estimate of the fidelity
based on multiplying the fidelity for all the
gates and readout assuming 99.5% fidelity
for single qubit gates, 99% fidelity for two-
qubit gates, and 97% fidelity for readout. We
see that this estimate qualitatively follows
the “raw” fidelity witness estimates, except
when the witness value is very small. For all
hydrogen systems studied, we observed dras-
tic fidelity improvements, with combined er-
ror mitigation.
We simulated two isomerization pathways

for diazene, marking the first time that a chem-
ical reaction mechanism has been modeled
by using a quantum computer. Hartree-Fock
theory reverses the order of the transition states;
however, we focused on the accuracy of the
computation with respect to the simulated
model. Correctly identifying this pathway re-
quires resolving the energy gap of 40 milli-
hartree between the two transition states.
The pathways correspond to the motion of
the hydrogen in the process of converting cis-
diazene to trans-diazene. One mechanism is
in-plane rotation of a hydrogen, and the other
is an out-of-plane rotation corresponding to
rotation of the HNNH dihedral angle. VQE-
optimized data simulating nine points along
the reaction coordinates for in-plane and
out-of-plane rotation of hydrogen are shown
in Fig. 3. For all points along the reaction co-
ordinate, the initial parameter setting was
the solution to the Hartree-Fock equations.
VQE produced 1-RDMs with an average fi-
delity greater than 0.98 after error mitiga-
tion. Our full error-mitigation procedure again
substantially improved the accuracy of our
calculation.
Our VQE calculations on diazene predicted

the correct ordering of the transition states
to within the chemical model with an energy
gap of 41 ± 6 millihartree, and the true gap is
40.2 millihartree. We provide a more detailed
analysis of the error mitigation performance
on the diazene circuits in the supplemen-

tary materials, section F, considering that the!!!!!!!!!!!!!!
iSWAP

p
gates we used had a residual CPHASE

(p/24) and Rz gates had stochastic control
angles. This simulation reinforced VQE’s abil-
ity to mitigate systematic errors at the scale of
50

!!!!!!!!!!!!!!!
iSWAP

p
gates and over 80 Rz gates.

In this work, we took a step toward answer-
ing the question of whether NISQ computers
can offer quantum advantage for chemical
simulation by studying VQE performance on

basis rotation circuits that are widely used in
quantum algorithms for fermionic simulation.
The considered ansatz afforded ways to mini-
mize the resource requirements for VQE and
study device performance for circuits that are
similar to those needed for full Hamiltonian
simulation. These basis rotation circuits also
made an attractive benchmark because of their
prevalence, optimal known compilation, and
ability to extract fidelity and fidelity witness
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Table 1. Average-fidelity lower bounds for hydrogen chain calculations. We report values of the
fidelity witness from (36), averaged across H–H separations of {0.5, 0.9, 1.3, 1.7, 2.1, 2.5} Å, starting
from circuits with the theoretically optimal variational parameters (k). “Estimate” corresponds to
an estimate of the fidelity derived by multiplying gate errors assuming 0.5% single-qubit gate error,
1% two-qubit gate error, and 3% readout error. “Raw” corresponds to fidelities from constructing
the 1-RDM without any error mitigation. “+PS” corresponds to fidelities from constructing the 1-RDM
with postselection on particle number. “+Pure” corresponds to fidelities from constructing the 1-RDM
with postselection and applying purification as postprocessing. “+VQE” corresponds to fidelities
from using all previously mentioned error mitigation techniques in conjunction with variational
relaxation. Numbers in parentheses are the uncertainties of the last, preceding digit. For small values
(such as the “raw” value for H12), we expect that the fidelity lower-bound is more likely to be loose.

System Estimate Raw +PS +Pure +VQE

H6 0.571 0.674(2) 0.906(2) 0.9969(1) 0.99910(9)
. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .

H8 0.412 0.464(2) 0.827(2) 0.9879(3) 0.99911(8)
. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .

H10 0.277 0.316(2) 0.784(3) 0.9704(5) 0.9834(4)
. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .

H12 0.174 0.010(2) 0.654(3) 0.9424(9) 0.9913(3)
. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .

Fig. 3. VQE performance on distinguishing the mechanism of diazene isomerization. Hartree-Fock
curves for diazene isomerization between cis and trans configurations. TS1 and TS2 are the transition states
for the in-plane and out-of-plane rotation of the hydrogen, respectively. The yellow arrows on TS1 and
TS2 indicate the corresponding reaction coordinate. The solid curve is the energy obtained from optimizing a
10-qubit problem generated by freezing the core orbitals generated from two self-consistent field cycles.
The transparent lines of the same color are the full 12-qubit system, indicating that freezing the lowest two
levels does not change the characteristics of the model chemistry. Nine points along the reaction paths
are simulated on Sycamore by using VQE. We allowed the optimizer 30 iterations for all points, except for
fifth and sixth points from the left of the in-plane rotation curve, for which we allowed 60 steps. The
error bars for all points were computed by estimating the covariance between simultaneously measured sets
of 1-RDM elements and resampling those elements under a multivariate Gaussian model. Energies from
each sample were tabulated, and the standard deviation is used as the error bar. No purification was applied
for the computation of the error bar. If purification is applied, the error bars become smaller than the

markers. Each basis rotation for diazene contains 50
!!!!!!!!!!!!!
iSWAP

p
gates and 80 Rz gates.
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Thus, in our experiment we only needed to sam-
ple the 1-RDM to estimate the energy. Because
the 2-RDM has quadratically more elements
than the 1-RDM, this approach is a substan-
tial simplification. We measured the 1-RDM
using a protocol described in the supplemen-
tary materials, section C. This protocol en-
abled us to optimally parallelize measurement
of all N2 1-RDM elements with N + 1 distinct
circuits. For each distinct circuit, we made
250,000 measurements.
We performed two types of error mitigation

on our measured data: postselection on parti-
cle number (conserved in basis rotations) and
pure-state projection. To apply postselection,
wemodified our circuits by first rotating into a
basis that diagonalizes a†paq ! a†qap for N dif-
ferent pairs of p and q so that these elements
could be sampled at the same time as the total
particle-number operator. Following the strat-
egy in the supplementary materials, section C,
this measurement was accomplished at the
cost of two T gates and one

!!!!!!!!!!!!!!!
iSWAP

p
gate per

pair of qubits. We then postselected to discard
measurements where the total number of ex-
citations changed from h/2.
For pure-state purification, we leveraged

the fact that the 1-RDM of any single-Slater

determinantwave functionyk has eigenvalues
restricted to be 0 and 1 (30). We performed
projection back to the pure set of 1-RDMs
using a technique known as McWeeny puri-
fication (29). Details on the procedure and
sampling bounds for guaranteeing that the
procedure has a fixed-point 1-RDMcorrespond-
ing to a Slater determinant can be found in
the supplementary materials, section E. Al-
though McWeeny purification only works
for Slater determinant wave functions, pure-
state N-representability conditions are known
for more general systems (31), and we expect
that a computational procedure similar to
enforcing ensemble constraints could be used
(32, 33).
A variety of circuit optimization techniques

based on gradient and gradient-free methods
have been proposed in the context of NISQ al-
gorithms. We developed an optimization tech-
nique that exploits local gradient and Hessian
information in a fashion that is distinctive
to the Hartree-Fock model. It is based on a
proposal for iterative construction of a wave
function to satisfy the Brillouin condition for
a single-particle model (34). Our optimization
protocol used the property that at a local op-
tima, the commutator of the Hamiltonian H

with respect to any generator of rotation
G is zero—hyj"H;G#jyi $ 0—and sequential
basis change circuits can be concatenated into
a single basis change circuit (UaUb = Uab). Using
these relations and taking G $

X
pq
kpqa†paq,

as in our experiment, the double commuta-
tor hyj"H;G#;Gjyi determined an augmented
Hessian (matrix of derivatives) that we could
use to iteratively update the wave function so
that the first-order condition was approximately
satisfied. Regularization was added by limit-
ing the size of update parameters (35). Details
are provided in the supplementary materials,
section H.
As a benchmark, we studied symmetrically

stretched hydrogen chains of lengths 6, 8, 10,
and 12 atoms (Fig. 2). The initial parameters
were set to the parameters obtained by solving
the Hartree-Fock equations on a classical com-
puter. The data from the quantum computer
were plotted along with classical Hartree-Fock
results, showing better and better agreement
as we added postselection, postselection and
purification, and then error-mitigated var-
iational relaxation. The 6- and 8-qubit data
achieved chemical accuracy after VQE, and
even the 12-qubit data followed the expected
energy closely. The error data in Fig. 2B and
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Fig. 2. Static and VQE performance on hydrogen chains. Binding curve
simulations for H6, H8, H10, and H12 with various forms of error mitigation. (A and
D to F) Comparison of Sycamore’s raw performance (yellow diamonds) with
postselection (green squares), purification (blue circles), and error-mitigated
combined with variational relaxation (red triangles). For all hydrogen systems,
the raw data at 0.5-Å bond length is off the top of the plot. The yellow, green, and
blue points were calculated by using the optimal basis rotation angles computed
from a classical simulation; thus, the variational optimization shown here is only used
to correct systematic errors in the circuit realization. (B) The absolute error and
infidelity for the H6 system. For all points, we calculated a fidelity witness described

in the supplementary materials, section D. The error bars for all points were computed
by estimating the covariance between simultaneously measured sets of 1-RDM
elements and resampling those elements under a multivariate Gaussian model.
Energies from each sample were tabulated, and the standard deviation is used as the
error bar. The “+PS” means applying postselection to the raw data, “+Purification”
means applying postselection and McWeeny purification, and “+VQE” means
postselection, McWeeny purification, and variational relaxation. (C) Optimization
traces for three H6 geometries (bond distances of 0.5, 1.3, and 2.1 Å). All
optimization runs used between 18 and 30 optimization. The lowest-energy solution
from the optimization trace was reported.
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Quantum Advantage
• When developing algorithms for quantum computers, the goals tend to focus 

on either

• Algorithms with the potential for dramatic speed increases

• Algorithms which cannot be solved on a classical computer

• The latter, is referred to by a term coined by John Preskill (Caltech), defined 
as follows

• Quantum supremacy= “the point when quantum computers can do things 
that classical computers can’t, regardless of whether those tasks are useful.”

• An alternative term in use, which avoids political connotations is quantum 
advantage, so I’ll stick to that here today

39

https://arxiv.org/pdf/1203.5813.pd


Quantum Advantage
• In Oct 2019, Google published a paper in Nature claiming they had 

achieved quantum advantage by solving a problem in 200s on Sycamore 
that would take Summit 10k years

• The problem: sampling numbers from a pseudo-random quantum circuit
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Quantum supremacy using a programmable 
superconducting processor

Frank Arute1, Kunal Arya1, Ryan Babbush1, Dave Bacon1, Joseph C. Bardin1,2, Rami Barends1, 
Rupak Biswas3, Sergio Boixo1, Fernando G. S. L. Brandao1,4, David A. Buell1, Brian Burkett1,  
Yu Chen1, Zijun Chen1, Ben Chiaro5, Roberto Collins1, William Courtney1, Andrew Dunsworth1, 
Edward Farhi1, Brooks Foxen1,5, Austin Fowler1, Craig Gidney1, Marissa Giustina1, Rob Graff1, 
Keith Guerin1, Steve Habegger1, Matthew P. Harrigan1, Michael J. Hartmann1,6, Alan Ho1, 
Markus Hoffmann1, Trent Huang1, Travis S. Humble7, Sergei V. Isakov1, Evan Jeffrey1,  
Zhang Jiang1, Dvir Kafri1, Kostyantyn Kechedzhi1, Julian Kelly1, Paul V. Klimov1, Sergey Knysh1, 
Alexander Korotkov1,8, Fedor Kostritsa1, David Landhuis1, Mike Lindmark1, Erik Lucero1,  
Dmitry Lyakh9, Salvatore Mandrà3,10, Jarrod R. McClean1, Matthew McEwen5,  
Anthony Megrant1, Xiao Mi1, Kristel Michielsen11,12, Masoud Mohseni1, Josh Mutus1,  
Ofer Naaman1, Matthew Neeley1, Charles Neill1, Murphy Yuezhen Niu1, Eric Ostby1,  
Andre Petukhov1, John C. Platt1, Chris Quintana1, Eleanor G. Rieffel3, Pedram Roushan1, 
Nicholas C. Rubin1, Daniel Sank1, Kevin J. Satzinger1, Vadim Smelyanskiy1, Kevin J. Sung1,13, 
Matthew D. Trevithick1, Amit Vainsencher1, Benjamin Villalonga1,14, Theodore White1,  
Z. Jamie Yao1, Ping Yeh1, Adam Zalcman1, Hartmut Neven1 & John M. Martinis1,5*

The promise of quantum computers is that certain computational tasks might be 
executed exponentially faster on a quantum processor than on a classical processor1. A 
fundamental challenge is to build a high-!delity processor capable of running quantum 
algorithms in an exponentially large computational space. Here we report the use of a 
processor with programmable superconducting qubits2–7 to create quantum states on 
53 qubits, corresponding to a computational state-space of dimension 253 (about 1016). 
Measurements from repeated experiments sample the resulting probability 
distribution, which we verify using classical simulations. Our Sycamore processor takes 
about 200 seconds to sample one instance of a quantum circuit a million times—our 
benchmarks currently indicate that the equivalent task for a state-of-the-art classical 
supercomputer would take approximately 10,000 years. This dramatic increase in 
speed compared to all known classical algorithms is an experimental realization of 
quantum supremacy8–14 for this speci!c computational task, heralding a much-
anticipated computing paradigm.

In the early 1980s, Richard Feynman proposed that a quantum computer 
would be an effective tool with which to solve problems in physics 
and chemistry, given that it is exponentially costly to simulate large 
quantum systems with classical computers1. Realizing Feynman’s vision 
poses substantial experimental and theoretical challenges. First, can 
a quantum system be engineered to perform a computation in a large 
enough computational (Hilbert) space and with a low enough error 
rate to provide a quantum speedup? Second, can we formulate a prob-
lem that is hard for a classical computer but easy for a quantum com-
puter? By computing such a benchmark task on our superconducting 
qubit processor, we tackle both questions. Our experiment achieves 
quantum supremacy, a milestone on the path to full-scale quantum 
computing8–14.

In reaching this milestone, we show that quantum speedup is achiev-
able in a real-world system and is not precluded by any hidden physical 
laws. Quantum supremacy also heralds the era of noisy intermediate-
scale quantum (NISQ) technologies15. The benchmark task we demon-
strate has an immediate application in generating certifiable random 
numbers (S. Aaronson, manuscript in preparation); other initial uses 
for this new computational capability may include optimization16,17, 
machine learning18–21, materials science and chemistry22–24. However, 
realizing the full promise of quantum computing (using Shor’s algorithm 
for factoring, for example) still requires technical leaps to engineer 
fault-tolerant logical qubits25–29.

To achieve quantum supremacy, we made a number of techni-
cal advances which also pave the way towards error correction. We 
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For m=20, it takes 200s to obtain a million samples on the quantum processor



Response to Google’s Claim
42

IBM blog

 

“We argue that an ideal simulation of 
the same task can be performed on a 

classical system in 2.5 days”

arXiv:2005.06787

In this work, we present a tensor network-based classical simulation algorithm. 
Using a Summit-comparable cluster, we estimate that our simulator can perform 

this task in less than 20 days. On moderately-sized instances, we reduce the 
runtime from years to minutes, running several times faster than Sycamore itself.

https://www.ibm.com/blogs/research/2019/10/on-quantum-supremacy/
https://www.nytimes.com/2019/10/30/opinion/google-quantum-computer-sycamore.html
https://arxiv.org/pdf/2005.06787.pdf
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Aaronson, nytimes

arXiv:2103.03074

Using our method, employing a small 
computational cluster containing 60 

graphical processing units (GPUs), 
we have generated one million 

correlated bitstrings with some entries 
fixed, from the Sycamore circuit with 53 
qubits and 20 cycles, with linear cross-

entropy benchmark (XEB) fidelity equals 
0.739, which is much higher than those in 
Google’s quantum supremacy experiments.

https://www.nytimes.com/2019/10/30/opinion/google-quantum-computer-sycamore.html
https://arxiv.org/pdf/2103.03074.pdf


Quantum Advantage using Boson Sampling
• In December 2020, a team from USTC 

claimed that they had obtained quantum 
advantage using boson sampling

• The problem: calculate the probability 
distribution of a system of many bosons 
(photons)

• Classically, the solution time increases 
exponentially (#P-hard)

• Simulate the process directly by allowing 
photons to interfere and sampling the 
distribution

• Information encoded in positions and 
polarization

• 200 seconds vs 2.5 billion years

• Clear quantum advantage; however, the 
computer can only solve one problem

44

QUANTUM COMPUTING

Quantum computational advantage using photons
Han-Sen Zhong1,2*, Hui Wang1,2*, Yu-Hao Deng1,2*, Ming-Cheng Chen1,2*, Li-Chao Peng1,2,
Yi-Han Luo1,2, Jian Qin1,2, Dian Wu1,2, Xing Ding1,2, Yi Hu1,2, Peng Hu3, Xiao-Yan Yang3, Wei-Jun Zhang3,
Hao Li3, Yuxuan Li4, Xiao Jiang1,2, Lin Gan4, Guangwen Yang4, Lixing You3, Zhen Wang3, Li Li1,2,
Nai-Le Liu1,2, Chao-Yang Lu1,2†, Jian-Wei Pan1,2†

Quantum computers promise to perform certain tasks that are believed to be intractable to classical
computers. Boson sampling is such a task and is considered a strong candidate to demonstrate
the quantum computational advantage. We performed Gaussian boson sampling by sending 50
indistinguishable single-mode squeezed states into a 100-mode ultralow-loss interferometer with full
connectivity and random matrix—the whole optical setup is phase-locked—and sampling the output
using 100 high-efficiency single-photon detectors. The obtained samples were validated against plausible
hypotheses exploiting thermal states, distinguishable photons, and uniform distribution. The photonic
quantum computer, Jiuzhang, generates up to 76 output photon clicks, which yields an output state-
space dimension of 1030 and a sampling rate that is faster than using the state-of-the-art simulation
strategy and supercomputers by a factor of ~1014.

T
he extendedChurch-Turing thesis is a foun-
dational tenet in computer science, which
states that a probabilistic Turing machine
can efficiently simulate any process on a
realistic physical device (1). In the 1980s,

Feynman observed that many-body quantum
problems seemed difficult for classical computers
because of the exponentially growing size of the
quantum-state Hilbert space. He proposed that a
quantum computer would be a natural solution.
A number of quantum algorithms have since

been devised to efficiently solve problems be-
lieved to be classically hard, such as Shor’s fac-
toring algorithm (2). Building a fault-tolerant
quantum computer to run Shor’s algorithm,
however, still requires long-term efforts. Quan-
tum sampling algorithms (3–6) based on plau-
sible computational complexity arguments were
proposed fornear-termdemonstrations of quan-

tum computational speed-up, relative to current
supercomputers, in solving certain well-defined
tasks. If the speed-up appears overwhelming,
such that no classical computer can perform
the same task in a reasonable amount of time
and this differential is unlikely to be overturned
by classical algorithmic or hardware improve-
ments, it is called quantum computational ad-
vantage or quantum supremacy (7, 8). Here, we
use the first term.
A recent experiment on a 53-qubit processor

generated amillion noisy (~0.2% fidelity) sam-
ples in 200 s (8), whereas a supercomputer
would take 10,000 years. It was soon argued
that the classical algorithm can be improved
so that it would cost only a fewdays to compute
all the 253 quantum probability amplitudes and
generate ideal samples (9). Thus, if the compe-
tition were to generate a much larger number

of samples (for example, ~1010), the quantum
advantage would be reversed if there were
sufficient storage. This sample size dependence
of the comparison—an analog to loopholes in
Bell tests (10)—suggests that quantum advan-
tage would require long-term competitions
between faster classical simulations and im-
proved quantum devices.
Boson sampling, proposed by Aaronson and

Arkhipov (4), was the first feasible protocol for
quantum computational advantage. In boson
sampling and its variants (11, 12), nonclassical
light is injected into a linear optical network,
and the highly random, photon number– and
path-entangled output state is measured by
single-photon detectors. The dimension of the
entangled state grows exponentially with both
the number of photons and the modes, which
quickly renders the storage of the quantum
probability amplitudes impossible. The state-
of-the-art classical simulation algorithm cal-
culates one probability amplitude (Permanent
of the submatrix) at a time. The Permanent
is classically hard, and because at least one
Permanent is evaluated for each sample (13, 14),
the sample size loophole can be avoided. In
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Fig. 1. Quantum light sources for Gaussian boson
sampling (GBS). (A) An illustration of the experimen-
tal setup for generating squeezed states. A custom-
designed laser system—consisting of a Coherent Mira
900, a pulse shaper, and a Coherent RegA 9000—
generates the pump laser, which is spectrally and
spatially shaped to reach transform limit (figs. S1 and
S2). The pulsed laser is split by beamsplitters (BSs)
into 13 paths (figs. S3 and S4) and focused onto 25
PPKTP crystals. Each crystal is placed on a thermo-
electric cooler (TEC) for wavelength tuning. The
downconverted photons are separated from the
pumping laser by a dichromic mirror (DM); the time
walk between different polarizations is compensated by
a KTP crystal. (B) Wigner functions of all the 25
sources, showing the squeezing parameter r and phase
f of each source. In each subplot, the color encoding
from purple to yellow represents a Wigner function
from zero to its maximum. (C) The measured joint
spectrum of the photon pairs indicates that the two
photons are frequency-uncorrelated. (D) The purity of
the 25 photon sources. The measured average purity is
0.938, obtained by unheralded second-order correlation measurement. (E) The measured collection efficiencies, with an average of 0.628.

1Hefei National Laboratory for Physical Sciences at Microscale
and Department of Modern Physics, University of Science and
Technology of China, Hefei, Anhui 230026, China. 2CAS Centre
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Conclusion
• Developing quantum algorithms is very challenging

• Only a handful of algorithms exist, still all listed on a single webpage

• Introduction to some of the most important algorithms

• Quantum Fourier transform

• Shor’s factoring algorithm

• Grover’s and Grover-Long search algorithms

• Also covered a promising (likely early) use case for quantum computers

• Quantum simulation

• Quantum advantage has long been a target for quantum computation

• Can be argued that it was achieved in 2019/2020

• Finally, a few slides about programming languages and SDKs for quantum 
computers and quantum error correction
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